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A B S T R A C T

Hydrophobic–polar (HP) models are widely used to predict protein folding and hydrophobic interactions.
Numerous optimization algorithms have been proposed to predict protein folding using the two-dimensional
(2D) HP model. However, to obtain an optimal protein structure from the 2D HP model remains challenging. In
this study, an algorithm integrating particle swarm optimization (PSO) and Tabu search (TS), named PSO–TS,
was proposed to predict protein structures based on the 2D HP model. TS can help PSO to avoid getting trapped
in a local optima and thus to remove the limitation of PSO in predicting protein folding by the 2D HP model. In
this study, a total of 28 protein sequences were used to evaluate the accuracy of PSO–TS in protein folding
prediction. The proposed PSO–TS method was compared with 15 other approaches for predicting short and long
protein sequences. Experimental results demonstrated that PSO–TS provides a highly accurate, reproducible, and
stabile prediction ability for the protein folding by the 2D HP model.

1. Introduction

In computational biology, protein structure prediction using amino
acid sequences is currently receiving considerable attention because the
folding of amino acid sequences determines the biological function of a
protein [1]. Diseases such as amyloidosis, Parkinson disease, Alzheimer
disease, and Creutzfeldt–Jakob disease are caused by abnormal protein
folding processes [2]. Therefore, an accurate and effective method for
protein folding prediction may contribute to the early detection and
treatment of various diseases. Currently, protein structures are pri-
marily detected through X-ray crystallography (XRC). However, XRC
has many shortcomings, such as high cost, difficulty with protein
crystallization, time-consuming analysis, and a highly technical skill
requirement for pattern interpretation. Especially, some of the proteins
have complex atomic structures and folding characteristics, which
make their prediction by simulating the protein folding mechanism
complicated and time consuming. Therefore, a more efficient analysis
method to predict protein structures is required.

Computation by simulation is generally based on the protein

primary structure, that is, the amino acid sequence. Among many of the
protein structure prediction methods, the hydrophobic–polar (HP)
protein folding model uses two- or three-dimensional (2D or 3D) lat-
tices to simulate the protein folding on the basis of their amino acid
sequences and thus provides information on the protein folding me-
chanism [3]. Using lattice models is considered a highly simplified
method to simulate the protein folding process [3]. Protein central
structures include hydrophobic (H) nonpolar amino acids, and surfaces
comprise hydrophilic polar (P) amino acids. In general, the HP model
calculates the strength of neighboring hydrophobic amino acids and
assigns negative weights to these acids. A lower weight corresponds to a
higher stability of the protein structure, thus representing a more
homologous tertiary structure [3]. Although the HP model provides
simple protein folding prediction, it has certain limitations. In some
conditions, such as high-complexity protein applications, the HP model
does not provide optimal solutions and results in a nondeterministic
polynomial-time-hard (NP-hard) problem [4].

The hybrid optimization and random search algorithms have been
widely used for protein folding problems [5]. Hoque et al. proposed a
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hybrid genetic algorithm (HGA) for protein folding prediction using the
2D face-centered-cubic HP lattice model [6]. Böckenhauer et al. in-
troduced a local-search neighborhood approach that employed so-
called pull moves to determine optimal embedding of an amino acid
sequence in a lattice [7]. Su et al. proposed a hybrid hill-climbing and
genetic algorithm (HHGA) that used an elite-based reproduction
strategy for protein folding prediction [8]. Smith compared several
hybrid evolutionary learning optimization approaches, including the
coevolving memetic algorithm (COMA), greedy COMA (GComa), stee-
pest COMA (SComa), greedy COMA with randomly created rules
(GRand), steepest COMA with random created rules (SRand), simple
memetic algorithm (SMA), and genetic algorithm (GA), to protein
structure prediction [9]. Yang et al. proposed a high-exploration par-
ticle swarm optimization (PSO)-based algorithm combined with local-
search algorithms (HE–L–PSO) to predict protein folding using the 2D
face-centered-cubic HP lattice model [10]. Chuang et al. combined a
double-bottom chaotic map PSO method with a local-search approach
(DBM–L–PSO) to predict protein folding structures [11]. In addition,
Yang et al. introduced a hybrid algorithm that combines ion motion
optimization with the greedy algorithm (IMOG) in the HP model for
protein folding prediction [12]. In the HP model, the performance of a
triangular lattice model is generally superior to that of a square lattice
model [13]. Although several algorithms have provided nearly optimal
solutions, the stability and accuracy of protein prediction remains room
for improvement.

In this study, an algorithm integrating a local-search algorithm,
Tabu search (TS) [14], and PSO algorithm [15] (named PSO–TS) was
proposed to improve protein folding prediction. A total of 28 amino
acid sequences with known structures were tested to evaluate the pre-
diction accuracy of the proposed algorithm PSO–TS, in which a trian-
gular lattice was used for the protein folding simulation.

2. Methods

2.1. Problem domain

Proteins and polypeptides, complex biological macromolecules, are
composed of 20 basic amino acids. The biological function of proteins is
determined by their native structure, which is based on their primary
structure. Therefore, development of a highly efficient approach to
predict protein folding is able to provide many advantageous in the
study of protein biotechnology. Recently, many approaches have been
proposed for protein structure prediction. The ab initio method provides
direct prediction based on amino acid sequences instead of comparative
modeling or fold recognition [3]. The HP model simulates the folding
process of an amino acid sequence using lattice models, such as a tri-
angular lattice, to predict protein folding. In this model, amino acids are
classified as H or P type. However, extremely long-sequence folding and
NP-hard problems require further investigation to obtain optimal so-
lutions. In computational biology, this noteworthy limitation remains a
challenge to be overcome [16].

According to Anfinsen's thermodynamic hypothesis, an amino acid
sequence may fold into a particular tertiary structure with low free
energy and resemble the real protein structure. This hypothesis was
used to evaluate the HP protein folding model. When two hydrophobic
amino acids are adjacent, a hydrophobic–hydrophobic (H–H) interac-
tion occurs. As the number of H–H interactions increases, the stability
and similarity of the predicted structure to natural protein folding in-
crease.

2.2. Particle swarm optimization

In PSO, an available solution is represented as a particle. Assuming
that N particles search for the solution in a D-dimensional feasible
space, each particle has a current position →xi and velocity →vi , where
i=1, …, N. A fitness value indicates the quality of a particle. Fitness

values can be evaluated using a candidate solution (i.e., particle posi-
tion) from fitness function fit(→xi). The fitness value of the algorithm
aims to lead particles towards the great search space. Each particle has
the optimal position (→pi ) based on its searching experience, and the
global optimal position (→pg) is based on the searching experience of all
particles. For PSO, the four primary operators of PSO are as follows: 1)
initializing the population, 2) updating →pi and →pg, 3) updating velocity
and position of particles, and 4) evaluating termination criteria. The
particle moves to a new position in the vector space with velocity →vi ,
and the new position is calculated based on the basis of →pi and →pg
vectors. Therefore, the particles can converge toward the optimal lo-
cation in the search space.

2.3. Tabu search

TS, originally proposed by Glover [14], is a metaheuristic search
algorithm that enables improvement of moves after encountering local
optima. The TS algorithm can record short-term solutions to prevent
duplicate search and thus avoid getting trapped in a local optimum and
idle repetition of the search to find the previously visited solutions. Two
components of TS are adapted to fit PSO algorithm.

2.4. PSO–TS algorithm

PSO provides excellent global search, and the TS algorithm records
short-term results to prevent duplication of search pathways. In this
study, the TS algorithm was integrated with PSO to exchange in-
formation between two particles to improve the protein folding pre-
diction. If the fitness value does not change after information exchange,
the optimal structure is maintained. However, in PSO, the population
could easily become trapped in a local optimum solution. Thus, a Table
list is used to store the current optimal solution for n iterations, and the
information of particles are subsequently reset to prevent repetition of
the same structure prediction. The flowchart of PSO–TS algorithm is
shown in Fig. 1. First, the parameters are set and all particles are in-
itialized. Then, the velocity and position of particles in PSO are con-
tinually updated. After updating the particles in each iteration, the TS
algorithm is executed. If the result obtained from TS is not superior to
that from PSO, then TS is executed. After a fixed number of iterations,
→pg is stored in the Table list; subsequently, →pg information and some
particles are initialized. The process of PSO–TS are detailed as below.

2.4.1. Step 1: Initialize particles
Six protein folding directions are encoded as {1, 2, …, 6} to indicate

protein folding directions, and the particles are described as →x i = (xi1,
xi2, …, xid), where d∈ {1, 2, …, 6}, represents six neighbors in the 2D
triangular lattice model. Because the direction of the first point toward
with respect to the second point does not affect the protein folding, this
movement direction is not recorded and is marked as “-”. Fig. 2A dis-
plays the triangular lattice protein models. When an amino acid has a
data value equals to 1, 2, 3, 4, 5 or 6, that represents the next sub-
sequent amino acid folds to upper left, upper right, right, lower right,
lower left, or left, respectively. For example, if the data value for the
third amino acid is 1, the fourth amino acid folds to the upper left of the
third amino acid. Fig. 2B and C displays the protein folding process and
outcome.

For initializing the population, each position of particle →xi is ran-
domly generated as a candidate solution within the search space, and
velocity →vi is randomly generated within the parameters [−Vmax,
+Vmin]. Each particle is randomly generated based on the basis of the
aforementioned direction labels.

2.4.2. Step 2: Calculate fitness
The objective of protein folding problem is to determine a con-

formation with minimum energy. The values of →pi and →pg are obtained
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after calculating all candidate solutions from the fitness function. Gibbs
free energy is the most common parameter to estimate the stability of
the predicted protein folding through H–H interactions. In the energy
calculations of HP model, all amino acids are classified as hydrophobic
nonpolar (H) or hydrophilic polar (P). Free energy is derived by

counting the number of H–H interactions between pairs of nearest hy-
drophobic amino acids, and this parameter is used as the fitness value.
The amino acid sequence S= s1, s2, …, sn is a protein chain with a
length n. The objective of the problem is to determine the energy-
minimizing conformation of S, that is, to determine c*∈C(S) such that E

Fig. 1. Flowchart of PSO–TS algorithm.

Fig. 2. Illustration of PSO encoding of protein folding direction for triangular lattice models.
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(c*) = min{E(c) |c∈ C}, where C(S) is the set of all valid conformations
for S. The objective function can be mathematically defined as follows:

∑= ⋅fitness Δγ σ ,
i j ij ij, (1)

where

=
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2.4.3. Step 3: Update →pi and →pg
Particles keep a record of their personal optimal position (→pi ) and

the global optimal position (→pg) when moving. If the fitness value of a

particle →xi in the current iteration has a lower energy than the fitness
value of →pi , then the position and fitness value of →pi are replaced by the
current position →xi and fitness value. When all updating processes of →p
is completed, each group (topology) selects the optimal solution with
the lowest energy for →pg . For each particle in the next iteration of PSO,
→pi and →pg provide search directions towards energy minimization.

2.4.4. Step 4: Update velocity and position
Clerc and Kennedy proposed an effective particle updating function

as follows:
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where
→
U φ(0, )i is a vector of random numbers uniformly distributed in

[0, φi] for each iteration and for each particle. ⊗ is the component-wise
multiplication. Using Clerc's constriction method, the parameter set-
tings are defined as φ =4.1 =φ φ1 2, and the constant multiplier χ
=0.7298. The position of particle→x can be adjusted by adding the new
velocity →v , such the adjusted positions of particles can provide the new
protein foldings towards the objective of energy minimization.

2.4.5. Step 5: Tabu search
In Step 5.1 of the search process, information is exchanged between

two particles to derive two predictions of the protein structure. If the
updated prediction is superior to the original prediction, the original
information is replaced with the new information. In this study, parti-
cles with optimal solutions from previous iterations are randomly se-
lected to exchange information with random particles through a two-
point crossover process. All resource information is exchanged between
two randomly selected particles of different dimensions. For example,
when particles of dimensions 3 and 6 are selected, all information from
both of the particles is exchanged to obtain two new results. That is, the
values of →pi and →xi for dimensions 3 and 6 are exchanged, yielding
solutionnew1 and solutionnew2, respectively. In Step 5.2, the mutation
probability is obtained for each dimension. The mutations within each
dimension indicate the various folding possibilities. Each possible
structure is evaluated to obtain the optimal structure. When a particular
number of iterations is reached, the optimal structure solution is stored
in the Tabu list, and the information of all particles is reset. Thus,
subsequent iterations do not necessarily provide the same prediction
solutions. The Table list records the short-term results to avoid

duplication of the search process in the algorithm, thus obtaining op-
timal solutions beyond a local optimum solution. This feature can ef-
fectively compensate for the limitations of Step 5.2 in the search pro-
cess, because the optimal solutions are recorded after few iterations,
and the information of all particles is reset to prevent the particles from
moving in previously searched directions.

2.4.6. Step 6: Evaluate termination criteria
The process is stopped after the maximum number of iterations is

reached.

2.5. Parameter setting

The numbers of particles and iterations for the PSO algorithm are
set to 100 and 200, respectively [17]. Because a triangular lattice model
is used to predict folding in six directions, the updated speeds Vmin and
Vmax are −5 and 5, respectively. In addition, the minimum and max-
imum search ranges are 1 and 6, respectively. The Tabu list stores the
optimal solution of a set of 10 iterations, after which the information is
reset.

3. Results

3.1. Datasets

The prediction accuracy and reproducibility of the proposed algo-
rithm using triangular lattice models were tested. For this purpose,
benchmark HP sequences and their optimum values were obtained from
the previous researches [8,18] (Table 1).

3.2. Evaluation of PSO–TS using three topologies

The accuracy of protein structure prediction using PSO–TS was
evaluated by three topologies: ring, star, and completely connected
topologies. A protein structure with a smaller fitness value indicates
having a greater free energy and, therefore, is a more accurate pre-
diction. Topology can affect the search strategy of population in each
iteration. Among the ring, star, and completely connected topologies,
PSO–TS performed the best accuracy for the completely connected to-
pology (data not shown). Therefore, the completely connected topology
is the optimal topology for protein structure prediction using PSO–TS
and the 2D HP model.

3.3. Comparison of prediction accuracies of PSO–TS and other algorithms

As shown in Fig. 3, the prediction accuracies of PSO-TS were
compared with SGA [6], HGA [6], TS [7], ERS–GA, HHGA [8] and
IMOG [12] for triangular lattice models. All algorithms, excluding SGA
and HGA, exhibited high performance in searching for sequences 1–3.
PSO–TS outperformed the other algorithms for sequences 5–8. Fig. 3B
showed the comparison of the average optimal results obtained from 25
experiments. For all sequences, the performance of PSO–TS was su-
perior to that of the other algorithms. The Wilcoxon signed-rank test
was conducted to compare the performance of PSO–TS and other al-
gorithms for eight sequences (Fig. 3C and D). A p value of less than 0.05
indicates significant superiority of PSO–TS to other methods. R− re-
presents the degree of inferiority of PSO–TS with respect to other
methods. PSO–TS was not inferior to the other methods for any test
sequence.

Furthermore, the reproducibility of PSO–TS prediction was com-
pared with that of 11 methods—namely, GComa [9], SComa [9],
GRand [9], SRand [9], SMA [9], GA [9], high-exploration PSO (HEPSO)
[10], HLS [10], DBM–L–PSO [11], HE–L–PSO [10], and IMOG
[12]—for 25 iterations of each sequence (Fig. 4). The reproducibility of
PSO–TS was superior to that of the 11 methods. A significant super-
iority (p < 0.01) was observed between PSO–TS and the other methods
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(Fig. 4B), indicating that PSO–TS improved the protein folding pre-
diction. Fig. 5 displays the optimal values obtained using the seven
algorithms for sequences 14–20 and 25 iterations. PSO–TS exhibited the
best performance among the seven algorithms.

4. Discussion

In this study, we proposed PSO–TS algorithm which combines two
strategies for local search to obtain a superior protein structure in 25
experiments. The prediction abilities of PSO–TS were compared with

that of other available algorithms in terms of the protein folding pre-
diction with a lower free energy. Moreover, the reproducibility of
PSO–TS was compared with that of other available algorithms by cal-
culating the predicted optimal protein folding structures in 25 experi-
ments. The results indicated that PSO–TS algorithm was more effective
in identifying superior protein structures compared with the other 11
algorithms for 28 amino acid sequences with known structures.

PSO has demonstrated favorable convergence speed, global optim-
ality, and accuracy in many applications. Although PSO has been
widely used to predict protein folding, its local-search ability remains
unsatisfactory, particularly for the prediction of complex protein
structures. Protein folding prediction requires an effective method for
searching local solutions. Some local-search methods, such as the hill-
climbing algorithm, provide high-performance on protein folding pre-
diction; however, many research results have indicated that the pre-
diction abilities of local-search methods remain insufficient [6]. In this
study, the proposed algorithm, PSO–TS, combined the features of PSO
and TS for local search and demonstrated superior protein structure
prediction compared with other algorithms in 25 experiments. In the
prediction of 28 amino acid sequences with known structures, PSO–TS
algorithm was more effective than 11 other algorithms.

The HP model predicts protein folding by determining the optimal
structure based on the number of neighboring hydrophobic amino acids
under the assumption that the hydrophilic reaction contributes to the
free energy of folded proteins. Numerous algorithms have been applied
on local search to improve the accuracy of protein folding prediction,
including SGA [6], HGA [6], ERS–GA [8], HHGA [8], GComa [9],
SComa [9], GRand [9], SRand [9], SMA [9], HEPSO [10], DBM–L–PSO
[11], and HE–L–PSO [10]. However, the local-search strategies of these
algorithms may lead their populations to become trapped in local op-
tima. In PSO–TS, PSO predicts protein folding, and Steps 1 and 2 of TS
as well as the repetitions of Table list operations improve the PSO
search. Because particles may exhibit poor adaptability in early itera-
tions, Step 1 of the search process may not improve the accuracy of
protein folding prediction. When the protein structure is not dense, Step
1 of the search process is crucial to improve the prediction accuracy of
protein folding structure. In the search process, if Step 1 does not im-
prove the adaptability of particles, Step 2 is performed to improve the
prediction of protein folding structure. Therefore, the number of
neighboring hydrophobic amino acids in the predicted protein structure
can be increased by increasing the iteration number. Step 1 of the
search process can effectively detect a long-sequence protein structure
using an operation involving the exchange of substructures between
two dense protein folding structures. In the search space, particles can
be aggregated into a local region with numerous generations. PSO may
encounter the local optimum problem, which hinders improvement of
prediction, particularly when numerous adjacent hydrophobic amino

Table 1
HP sequences of the triangular lattice model.

Seq. code Len Amino acid sequences E*(Tra)

1–1 20 (HP)2PH(HP)2(PH)2HP(PH)2 −15
1–2 24 H2P2(HP2)6H2 −17
1–3 25 P2HP2(H2P4)3H2 −12
1–4 36 P(P2H2)2P5H5(H2P2)2P2H(HP2)2 −24
1–5 48 P2H(PH3)2P5H10P6(H2P2)2HP2H5 −43
1–6 50 H2(PH)3PH4PH(P3H)2P4(HP3)2HPH4(PH)3PH2 −41
1–7 60 P(PH3)2H5P3H10PHP3H12P4H6PH2PHP N.D.
1–8 64 H12(PH)2((P2H2)2P2H)3(PH)2H11 N.D.

2–1 12 H(HP)2H −11
2–2 14 H2P2(HP)5 −11
2–3 14 H2P2HP(PH)4 −11
2–4 16 H2PH(P2H)4 −11
2–5 16 H(HP2)2(HP)3PHP −11
2–6 17 H(HP2)5H −11
2–7 17 H(HP)7H2 −17
2–8 20 H(HP2)2(HP)3(PH)3H −17
2–9 20 H(HP)5(PHP)2PH2 −17
2–10 21 H2P2(HP2HP)3H2 −17
2–11 21 H2P(HP2)2(HP)3PHP2H2 −17
2–12 21 H2P2(HP)3(PH)2(P2H)2H −17
2–13 22 H(HP2)2(HP)3PH(P2H)2H −17
2–14 23 H2(HP)9H3 −25
2–15 24 H(HP2)7H2 −17
2–16 24 H2(HP)3(PH)7H2 −25
2–17 24 H2(HP)4(PH)6H2 −25
2–18 30 H3(P2H)4(PHP)2(HP2)2H3 −25
2–19 30 H3(P2H)3(PHP)2(HP2)3H3 −25
2–20 37 H3(P2H)3(PH)2(P2H)3P4(PH)2PH3 −29

Seq. code: sequence code. Len: number of residues of the sequence. H: hydro-
phobic. P: polar. Hn: n Hs. Pn: n Ps. HPn: n HPs. PHn: n PHs. Sqr: square lattice
model. Tra: triangular lattice model. E*: negative value indicates the number of
hydrophobic interactions. Lower values indicate greater predicted protein
folding stability based on more hydrophobic interactions. The best results for
triangular lattice models 1-1 to 1–8 were reported in Ref. [18]. The best results
for triangular lattice models 2-1 to 2–20 have been reported in Refs. [8,13].
“N.D.” indicates no determination.

Fig. 3. (A) Comparison of performance
of triangular lattice models for HP se-
quences listed in Table 1 (B) Compar-
ison of the prediction stability of
PSO–TS and other algorithms. (C)
Comparison of performance of PSO–TS
and other algorithms among eight da-
tasets using Wilcoxon signed-rank test.
(D) Comparison of prediction stability
of PSO–TS and other algorithms among
eight datasets using Wilcoxon signed-
rank test. The Y-axis represents the
number of datasets; “−,” the degree to
which PSO–TS is inferior to other al-
gorithms; “+,” the degree to which
PSO–TS is superior to other algorithms;
“ = ,” the degree to which PSO–TS is
equal to other algorithms; and “N.D.,”
“not determined.”
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acids are present. TS ensures that solutions are escape local optima by
enabling long-distance movement in the search space. Moreover, the
Tabu list is used to stop the particles from moving along previous search
paths by updating →pi after each set of a specified number of iterations.
Thus, the TS steps provide improved accuracy of prediction solutions
for new local particles.

The advantages of the proposed algorithm, PSO–TS, in this study are
summarized as follows:

1) High reproducibility: PSO–TS provided the highest reproducibility
of prediction score among all algorithms for 25 iterations of the
same sequence.

2) High performance in the prediction of long-sequence protein
folding: Structure prediction by PSO–TS for long amino acid

sequences was superior to that by other algorithms.
3) High stability of protein folding prediction: In general, the success of

protein folding prediction for long amino acid sequences is lower
than that for short sequences. As the length of the sequence in-
creases, the complexity of the protein folding space around local
minima increases. The prediction ability of PSO–TS was superior to
that of other methods. These results indicate that PSO–TS provides
an improved triangular lattice model for protein folding prediction.

In this study, PSO-TS continues to possess a number of limitations.
The length of the amino acid sequence can affect the performance of
PSO–TS. An amino acid sequence of length n contains 6n protein folding
combinations in a 2D HP model with six possible folding directions.
When n increases, the number of available protein folding combinations
exponentially increases. Thus, a large search space can increase the
difficulty of search in PSO–TS for determining the optimal protein
folding. We suggested that the number of particles and iterations for the
PSO–TS algorithm can be set to large numbers when the length of the
amino acid sequence is large. Furthermore, the fitness value of PSO–TS
is determined on the basis of relative free energy; however, for precise
comparison, a fitness function based on absolute free energy for pre-
dicting protein folding structure can benefit future investigation.

5. Conclusions

This study presents an algorithm that integrates TS with PSO to
predict protein structures in the HP model. PSO–TS demonstrated
outstanding performance in predicting protein folding, particularly in
terms of the stability of the evolutionary algorithm.
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List of Abbreviations

HP hydrophobic–polar
2D two-dimensional
TS Tabu search
NP-hard nondeterministic polynomial-time-hard
HGA hybrid genetic algorithm
HHGA hybrid of hill-climbing and genetic algorithm
COMA coevolving memetic algorithm
GComa greedy COMA
SComa steepest COMA
GRand greedy COMA with randomly created rules
SRand steepest COMA with randomly created rules
SMA greedy-ascent memetic algorithm
GA genetic algorithm
PSO particle swarm optimization
HE–L–PSO high-exploration particle swarm optimization-based algo-

rithm combined with a local-search algorithm
DBM–PSO double-bottom chaotic map particle swarm optimization
IMOG ion motion optimization with a greedy algorithm
PSO–TS particle swarm optimization–Tabu search
H–H hydrophobic–hydrophobic
HEPSO high-exploration PSO
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